Abstract: Springback in multi-point dieless forming (MDF) is a common problem because of the small deformation and blank holder free boundary condition. Numerical simulations are widely used in sheet metal forming to predict the springback. However, the computational time in using the numerical tools is time costly to find the optimal process parameters value. This study proposes radial basis function (RBF) to replace the numerical simulation model by using statistical analyses that are based on a design of experiment (DOE). Punch holding time, blank thickness, and curvature radius are chosen as effective process parameters for determining the springback. The Latin hypercube DOE method facilitates statistical analyses and the extraction of a prediction model in the experimental process parameter domain. Finite element (FE) simulation model is conducted in the ABAQUS commercial software to generate the springback responses of the training and testing samples. The genetic algorithm is applied to find the optimal value for reducing and compensating the induced springback for the different blank thicknesses using the developed RBF prediction model. Finally, the RBF numerical result is verified by comparing with the FE simulation result of the optimal process parameters and both results show that the springback is almost negligible from the target shape.
Introduction
Springback is a common and critical existence in sheet metal forming processes, which is caused by the elastic redistribution of the internal stresses after unloading of the external forces. Since multi-point dieless forming (MDF) is only a multi-curvature bending and small deformation, the tendency of inducing springback is high. Springback prediction using finite element (FE) simulation is familiar for any types of forming processes.
Previous researchers are investigated and proposed some techniques to compensate and reduce springback on MDF using numerical simulation and physical experiment, such as, Li et al. [1] proposed the multi-step forming to reduce the unloading springback on multi-point forming using numerical simulation. Hwang et al. [2] introduced the springback adjustment for multi-point forming of thick plate in shipbuilding using FE analysis and the iterative displacement adjustment algorithm. Shim et al. [3] investigates the tension force on MDF stretch forming process of aluminum alloy sheet to reduce the induced springback using FE simulation. However, using only FE simulation to compensate the machine tool geometry or any design or process parameters is computationally expensive. To overcome this problem, this study proposed surrogate modeling to replace the computational expensive FE simulation as a function of target curvature radius, blank thickness, and punch holding time (stress relief period) after the final displacement of the punch.
The application of surrogate modeling on sheet metal forming were investigated by different researchers, for instance, Liu and Liang [4] proposed a fuzzy genetic algorithm to compensate for springback of multi-curvature forming. Zhang et al. [5] introduced an algorithm to compensate springback by modifying the double curved plate. Kitayama and Yoshioka [6] proposed a springback reduction technique with the control of punch speed and blank holder force through sequential approximate optimization using the radial basis function (RBF) network. Behera et al. [7] proposed a solution to improve the accuracy of single point incremental sheet forming by using multivariate adaptive regression splines as an error prediction tool to generate continuous error response surfaces for individual features and feature combinations. In order to reduce springback effects after forming, Li [8] also deals with the variable of blank holder force using the least square support vector regression by establishing the adaptive metamodeling optimization system. Khada and El-Morsy [9] applied Kriging metamodel to predict the springback in the air bending process with process parameters of blank material and geometry. Hassen et al. [10] investigates the springback for deep drawing process using the parameters of blank holding force and friction coefficient as a function of time. In this study, the sensitivity analyses of the finite element simulation result were investigated by applying a statistical method. The influence of the parameter variation also analyzed using a sequential screening experiment by applying a piecewise constant function. Karaagaç [11] carried experimental investigation to evaluate the process parameters of bending pressure, bending die angle, punch holding time, and the rubber membrane thickness effect on springback in V-bending using the flexforming process, and he also used the fuzzy logic system to estimate the springback effect. In [12, 13] also investigated the influence of punch holding time and other process parameters for V-bending dies. In addition, different researchers [14] [15] [16] have applied the surrogate model to investigate springback with a consideration of different process parameters. However, these techniques were applied to single die forming, and most of the study used blank holder to reduce the induced springback; so this study investigates springback for blank holder free boundary condition of the MDF process to fill the gap.
This study proposes process optimization along with surrogate modeling with the aim of reducing and compensating springback in the forming of AA3003-H14 aluminum alloy sheet of saddle shape by MDF with consideration of three influencing parameters: curvature radius, blank thickness, and punch holding time. To construct the model, first, the study chose Latin hyper cube design of experiment (DOE) method for training and random sampling for testing. The Latin hypercube DOE method facilitates the statistical analyses and the extraction of a prediction model. FE simulation is applied using ABAQUS commercial software (ABAQUS 6.12, Dassault Systèmes Simulia Corp., Providence, RI, USA) to generate the training and testing sample data responses. After obtaining the training sample responses from the numerical simulation, different prediction model has been applied such as regression model, Ordinary and Blind Kriging, and RBF. The R 2 and roots mean square error (RMSE) numerical validation of the testing data, which has the same number of the training sample shown RBF is more acceptable than the others. Then, the study used the prediction model to apply the genetic algorithm (GA) in MATLAB to determine the global optimal parameter's value. First, the study found the optimal value of punch holding time to reduce the spring back for different blank thickness. Second, the proper curvature radius value is determined to compensate the induced springback for 800 mm target curvature radius at a different blank thickness. Finally, the FE simulation result of the optimization process parameters shows that the springback is almost negligible from the target geometry.
The rest of the paper is organized as follows. Section 2 discusses the data acquisition methods, using FE methods it includes the geometry, material, and numerical simulation model, in addition, the defect quantification method is also discussed. Section 3 describes the process parameters, sampling technique, formulation of the RBF, and finally the numerical model verification is discussed to validate the developed prediction model. Section 4 presents the optimal process parameter result to compensate the induced springback for the given target shape.
Finite Element Modeling

Geometry Model
The study investigates the MDF springback effect on the rectangular saddle shape, which is shown in Figure 1a .
The general equation of the saddle geometry is obtained from:
x − x 2 where x, y and z are the Cartesian coordinates, R x is the radius curvature along the x-axis and R y is the radius curvature along the y-axis.
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Finite Element Modeling
Geometry Model
The study investigates the MDF springback effect on the rectangular saddle shape, which is shown in Figure 1a . The general equation of the saddle geometry is obtained from: The MDF target surface is generated using the discrete punches element, which has the m number of punches along the x-axis and n number of punches along the y-axis. To construct the target saddle shape in MDF, the lower and the upper punch matrices are placed using Equations (1) and (2), respectively [9] .
where 0 < i < m; 0 < j < n; m and n are the number of punches along the x-and y-axes, respectively; The MDF target surface is generated using the discrete punches element, which has the m number of punches along the x-axis and n number of punches along the y-axis. To construct the target saddle shape in MDF, the lower and the upper punch matrices are placed using Equations (1) and (2), respectively [9] .
where 0 < i < m; 0 < j < n; m and n are the number of punches along the x-and y-axes, respectively; R L x and R L y are the curvature radii of the lower punch-tip radius center traced surface along the x-and y-axes, respectively; R U x and R U y are the curvature radii of the upper punch-tip radius center traced surface along the x-and y-axes, respectively. Figure 1b shows the punch placement in a 2-dimensional view and Figure 1c shows the positions of the lower and upper RTC radii center traced surfaces, which is obtained using Equations (1) and (2), respectively.
Material Model
AA3003-H14 aluminum alloy sheet metal blank is used to investigate the springback effect on MDF. The material properties are taken from our previous study [17] , which is also mentioned in Table 1 . Since the MDF process is a small deformation, the study treated the sheet material as an isotropic property, in addition, here, the MDF process is not subjected to cyclic loading so that the study chose isotropic hardening instead of kinematic hardening. Swift strain hardening model is adopted for the material modeling which is σ = K(ε 0 + ε) n for σ ≥ σ y , where K is the strength coefficient, ε is the true strain value, ε 0 is the pre-strain constant, and n is the strain hardening exponent. For elastic cushion, polyurethane material with a hardness of shore 90A is chosen. Mooney-Rivlin hyperplastic modeling is employed for the simulation model, the model equation is given as:
where U is the strain energy per unit of initial volume, I 1 and I 2 are the first and the second deviatoric strain invariants, respectively, and C 10 and C 01 are the material constants. The martial constants are taken from the previous study [18] , which are C 01 = 0.6606 and C 10 = −0.0057.
Simulation Model
Both explicit and implicit schemes have been used in ABAQUS commercial software to solve a challenging MDF sheet metal forming process that involves a high amount of springback. First, the explicit FE formulation was used to solve the MDF loading process, because the model is highly discontinuous process due to the geometry complexity, material property, and discrete punch element, so the quadratic convergence may be lost, and it may require a larger time increment than the explicit method and several iterations to obtain a solution within the prescribed tolerances.
While the loading process is conducted, a deformable blank sheet was brought into contact with a pair of deformable elastic cushions and the cushion also in contact with the rigid upper and lower discrete punch elements. The contact friction coefficient between the blank and elastic cushion, and elastic cushion and punch is considered as 0.1 [19] . Blank sheet and elastic cushions are meshed using C3D8R solid element and R3D4 shell element is also used for the rigid punch element. To reduce the computational time, as shown in Figure 2 , the symmetrical condition is considered. For x-symmetry, the translational displacement in the x-direction, and rotational in y-direction and z-direction were set to zero (U x = UR y = UR z = 0), and under y-symmetry, translational displacement in y-direction, and rotation in x-direction and z-direction were set to zero (U y = UR x = UR z = 0). After the completion of the loading process using explicit analysis, the deformed shape, strains, and stresses within the blank elements were transferred into the implicit analysis for unloading process. This was accomplished by creating a database file that updated the geometry and stress-strain history of the implicit elements to match the final explicit solution. During the implicit analysis, the punches and elastic cushions were removed from the model and valid boundary conditions were employed to the sheet blank to restrain rigid body motion. As shown in Figure 3 , the displacement in y-axis (U2) at the center of the nodes are fixed, and the X-symmetric and Z-symmetric are also imposed, as shown in the figure. Finally, the implicit analysis was exploited to determine the succeeding springback displacement in the deformed blank that occurred after the forming load was removed. The FE simulation model was experimentally validated in our previous study [17, 18] .
to match the final explicit solution. During the implicit analysis, the punches and elastic cushions were removed from the model and valid boundary conditions were employed to the sheet blank to restrain rigid body motion. As shown in Figure 3 , the displacement in y-axis (U2) at the center of the nodes are fixed, and the X-symmetric and Z-symmetric are also imposed, as shown in the figure. Finally, the implicit analysis was exploited to determine the succeeding springback displacement in the deformed blank that occurred after the forming load was removed. The FE simulation model was experimentally validated in our previous study [17, 18] . 
Defect Quantification
The main objective of the study is investigating the process parameters to compensate for the springback for the given target shape. The study also tried to reduce the induced springback for a different blank thickness. As shown in Figure 4 , a numerical simulation was conducted with the process parameters of target curvature radius 800 mm, blank cross-section 320 mm × 320 mm, blank thickness 2 mm, punch width 40 mm, punch-tip radius 30 mm, elastic cushion thickness 16 mm, punch displacement (elastic cushion compressive strain ratio) 6%, and the punch holding time is 0 s. As shown in the figure, the springback is observed from nodal displacement distribution before and after unloading of the punch load. The study used the maximum deviation of the vertical displacement U2 from the expected target shape to quantify the springback responses of the numerical simulation result. The equation is given as:
where N is the number of nodes, t to match the final explicit solution. During the implicit analysis, the punches and elastic cushions were removed from the model and valid boundary conditions were employed to the sheet blank to restrain rigid body motion. As shown in Figure 3 , the displacement in y-axis (U2) at the center of the nodes are fixed, and the X-symmetric and Z-symmetric are also imposed, as shown in the figure.
Finally, the implicit analysis was exploited to determine the succeeding springback displacement in the deformed blank that occurred after the forming load was removed. The FE simulation model was experimentally validated in our previous study [17, 18] . 
where N is the number of nodes, t 
where N is the number of nodes, u i t and u i d is the nodal displacement at the ith node of the target and deformed shape, respectively. 
Surrogate Modeling
Process Parameter
As mentioned in the previous section, the study has two objectives, the first one is reducing the springback by setting the process parameters and the second one is compensating the induced springback for the expected target shape. Springback is induced because of the elastic recovery (deformation) after the forming process is performed. Previous researchers suggested that creating a restraining force, such as using a blank holder, can decrease the amount of the springback by increasing the sheet tension; however, in our case, there is no blank holder to create such kinds of tension load during the forming process. Here, the study suggested that holding the upper punch load for a certain time can stabilize the induced stress. To check the sensitivity of the process in regards to the punch holding time, the study run a numerical simulations in ABAQUS by varying the punch holding time of 0, 2.5, 5, 10, 20, 30, 40, 50, and 60 s. The other parameters were the same as in Section 2.4. During the quasi-static simulation in ABAQUS, stopping the punch means stopping the simulation, so, to investigate the punch holding time, the study applied a macro speed for the specified time at the end of the forming process and considering it as a punch holding time. As Figure  5 shows, in the first few seconds, the springback result is drastically decreased, however, after that, the springback responses became the same for a few seconds, and getting a slightly increased while the punch holding time is increased. So, to find the optimal punch hold time, the study investigates in between 0 and 20 s.
To compensate the induced springback value, the only option in MDF is changing the curvature radius. Here, the study target curvature radius is 800 mm. To check the upper and lower value, the study conducted two FE simulations. As shown in Figure 6 , the study target curvature is between the simulation result of 600 and 800 mm curvature radii after springback. So, the study searches the optimal radius value in between 600 mm and 800 mm curvature radius for different blank thickness. The considered blank thickness in this study is in between 0.5 mm and 2 mm. The process parameters are summarized in Table 2 . 
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Surrogate Modeling
Process Parameter
Sample Stratagey
To develop the prediction model, the study generates 30 sample data for training using Latin hypercube sampling method. Latin hypercube sampling is one of the best DOE techniques which efficiently sample the large design spaces by maximizing the minimum distance between all of the possible pairs of the sample points in a given sample plan, this shows that a Latin hypercube design method will keep a distance between the samples as large as possible. Figure 7a shows the scatter plots of the training sample data and the views of the plot also shows that the sample is taken only one sample from each row and each column. In addition, 30 random sample data were generated using the MATLAB built function for testing of the developed prediction model. Figure 7b shows the scatter plots of the testing sample data, as compared to the training data, the random data may have a chance to take a sample from the same row and column, which is shown in the front view of the figure. Tables A1 and A2 also show the training and testing raw data, respectively. Figure 6 . Target curvature radius with the deformed result of R = 600 mm and R = 800 mm curvature radius after springback.s Table 2 . Process parameters.
Parameters Lower Bound Upper Bound Units
Curvature radius 600 800 mm Blank thickness 0.5 2 mm Blank holding time 0 20 s
Sample Stratagey
To develop the prediction model, the study generates 30 sample data for training using Latin hypercube sampling method. Latin hypercube sampling is one of the best DOE techniques which efficiently sample the large design spaces by maximizing the minimum distance between all of the possible pairs of the sample points in a given sample plan, this shows that a Latin hypercube design method will keep a distance between the samples as large as possible. Figure 7a shows the scatter plots of the training sample data and the views of the plot also shows that the sample is taken only one sample from each row and each column. In addition, 30 random sample data were generated using the MATLAB built function for testing of the developed prediction model. Figure 7b shows the scatter plots of the testing sample data, as compared to the training data, the random data may have a chance to take a sample from the same row and column, which is shown in the front view of the figure. Tables A1 and A2 also show the training and testing raw data, respectively. 
Radial Basis's Function Formulation
RBF was first introduced by Rolland Hardy to fit irregular topographic contours of geographical data [20] . RBF networks are three layer feed-forward networks that are trained using a supervised training algorithm, which is shown in Figure 8 , featuring are an input x, hidden units Ψ, weights w, linear output transfer functions, and output f(x). To construct the fitting model using RBF, we first consider the scalar response function f or the yielding responses y = {y1, y2, …, yn} T which is obtained from the simulation or experimental results by employing the input training sample data of X = {x1, x2, …, xn} T . Then, we pursue RBF approximation function ˆ( ) f x , which is given as
where ci is the ith of the nc basis function centers and Ψ denotes the nc vector which is contained the values of the basis function Ψ, it is evaluated at the Euclidean distances between the prediction site x and the centers ci of the basis functions, wi denotes the weight of the ith basis function. In a previous study, different basis functions are suggested, which is used in RBF, some of the basis functions are stated as follow under categories of fixed and parametric basis functions: 
RBF was first introduced by Rolland Hardy to fit irregular topographic contours of geographical data [20] . RBF networks are three layer feed-forward networks that are trained using a supervised training algorithm, which is shown in Figure 8 , featuring are an input x, hidden units Ψ, weights w, linear output transfer functions, and output f (x). To construct the fitting model using RBF, we first consider the scalar response function f or the yielding responses y = {y 1 , y 2 , . . . , y n } T which is obtained from the simulation or experimental results by employing the input training sample data of X = {x 1 , x 2 , . . . , x n } T . Then, we pursue RBF approximation functionf (x), which is given aŝ
where c i is the ith of the n c basis function centers and Ψ denotes the n c vector which is contained the values of the basis function Ψ, it is evaluated at the Euclidean distances between the prediction site x and the centers c i of the basis functions, w i denotes the weight of the ith basis function. In a previous study, different basis functions are suggested, which is used in RBF, some of the basis functions are stated as follow under categories of fixed and parametric basis functions:
1. Fixed basis functions
Parametric basis functions As we have seen from the formulation equation, the weight w parameters are unknown, in addition, for parametric basis functions, the variance (width) σ is also unknown. The estimation of the weight parameters can be found through the interpolation of c 1 ( ) ( ), 1,2, , .
The above equation is linear in terms of the weights w of the basis function; however, the predictor y can express highly nonlinear. To obtain a unique solution, the system in Equation (6) has to be square; this means that nc should be equal to n. For simplification, the bases coincide with the data points, which means ci = xi, for i= 1, 2, …, n, this leads us to the equation of
where Ψ is also called as Gram matrix and it is defined as ( )
Equation (7) we can estimate the weight value as
However, if the responses y = {y1, y2, …, yn} T are corrupted by noise, using the above equation may affect the prediction model that to fit the observed data. The noise effect should be considered in the model. To solve this kind of problem, Poggio and Girosi [21] introduced using a regularization parameter λ as model flexibility can control the noise effect on the prediction model. It is also recommended that λ value should be adequately small, such as λ = 1.0 × 10 −3 . This will add to the diagonal matrix of Ψ. So the weight estimation value will be in the form of
where Ψ, and λI are given as follows:
To estimate the sigma value the previous studies proposed different methods, for instance, Nakayama, et al. [22] proposed
, where n denotes the number of sampling point, m denotes As we have seen from the formulation equation, the weight w parameters are unknown, in addition, for parametric basis functions, the variance (width) σ is also unknown. The estimation of the weight parameters can be found through the interpolation of
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where Ψ is also called as Gram matrix and it is defined as Ψ = Ψ( x j − x i ), i = j = 1, 2, . . . , n.
From Equation (7) we can estimate the weight value as
However, if the responses y = {y 1 , y 2 , . . . , y n } T are corrupted by noise, using the above equation may affect the prediction model that to fit the observed data. The noise effect should be considered in the model. To solve this kind of problem, Poggio and Girosi [21] introduced using a regularization parameter λ as model flexibility can control the noise effect on the prediction model. It is also recommended that λ value should be adequately small, such as λ = 1.0 × 10 −3 . This will add to the diagonal matrix of Ψ. So the weight estimation value will be in the form of
To estimate the sigma value the previous studies proposed different methods, for instance, Nakayama, et al. [22] 
, where n denotes the number of sampling point, m denotes the number of process parameters, and d max is denotes the maximum distance among the sampling point. Whereas, the accurate estimation of the sigma parameters will allow for us to reduce the generalization (estimated) error of the prediction model, so, this study used the direct search method by investigating the model accuracy using the cross-validation error for each sigma value. Cross-validation is a model verification method, which is used to assess the results of a statistical analysis to simplify the independent data set. Here, the study investigates the model by removing some data from the training sample data and evaluating each sigma value for every removed data and finally we chosen the best sigma value, which has a minimum model cross-validation error. The cross-validation function is given as:
where q is the number of the removed data from the training sample (subsets of the training sample), y(x i ), andf (x i , w) is the true and prediction response value at the ith removed training sample, respectively. If q is equal to the number of training sample data n, the cross-validation error is a nearly balanced estimator of the exact risk. Nevertheless, because of the n subsets being similar to each other the leave-one-out measure variance can be quite high. Hastie et al. [23] proposed a desirable value of q such as q = 5 or q = 10, it is depends on the total number of sample data. In general, using less number of the training sample subsets q means reducing the cross-validation process computational cost by reducing the total number of the fitted model. Here, the study used 30 numbers of samples, so we chose q is equal to 5 and the σ value is searched in between 10 −2 and 10 2 . The algorithm is written in MATLAB and the σ value found as 1.6103. In addition, the obtained weight w value also listed in Table 3 . 
Numerical Model Verification
For prediction model verification, the roots mean square error (RMSE), and co-efficient of determination (R 2 ) numerical verification techniques are used in this study. Table 4 compared the model verification of different prediction methods, as we have seen from the model verification results, RBF with multiquadratic basis function have better prediction than the others. Figure 9 shows of the predicted vs. the observed result comparison for RBF with a multiquadratic basis function; the predicted and observed result is quietly fitted to each other. Figure 10 also shows that the residual values are randomly distributed and the residual mean value also almost zero, this verified that the developed model is acceptable to use. 
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Process Optimization
Optimization Formulation
The objectives of the study are reducing the springback and compensating the induced springback for the expected target shape. As explored in Section 2.4, the springback is examined using the maximum deviation of the vertical displacement of the deformed shape from the expected target shape for both objectives. The formulation function is given as min ( ) s.t.
where x(x1; x2; and x3) is the process parameters, here, the constructed function is the same for both of the objectives. The first objective is to minimize the induced springback for a given curvature radius and blank thickness. So, the curvature radius and blank thickness should be fixed, the only parameter left here is the punch holding time before unloading of the punch load. The second objective is minimizing the maximum curvature radius difference from the target shape to compensate for the expected shape error due to springback. In this case, the punch holding time is fixed to the obtained optimal value of the first objective for the given target curvature radius and blank thickness.
Result and Discussion
After developing the prediction model using RBF as a function of curvature radius, punch holding time, and blank thickness, the study employed genetic algorithm on MATLAB to determine the global optimal value of the given objective. The algorithm scheme is shown in Figure 11 . From the first objective, the optimal value of punch holding time is obtained to reduce the springback for the fixed curvature radius and blank thickness. After obtaining the proper punch holding time, we proceed to find the optimal value of the curvature radius to compensate for the induced springback for the given target shapes, in our case, the target curvature radius was 800 mm and the blank thickness was 2 mm. Table 5 summarizes the obtained process parameter setting to compensate for the induced springback for the expected target shape. Figure 12 shows the curvature radii comparison between the simulation result and the target shape. The RMSE between the simulation result and target shape is 0.0245, this shows us the obtained result is acceptable with the mentioned error. 
Process Optimization
Optimization Formulation
The objectives of the study are reducing the springback and compensating the induced springback for the expected target shape. As explored in Section 2.4, the springback is examined using the maximum deviation of the vertical displacement of the deformed shape from the expected target shape for both objectives. The formulation function is given as
where x(x 1 , x 2 , and x 3 ) is the process parameters, here, the constructed function is the same for both of the objectives. The first objective is to minimize the induced springback for a given curvature radius and blank thickness. So, the curvature radius and blank thickness should be fixed, the only parameter left here is the punch holding time before unloading of the punch load. The second objective is minimizing the maximum curvature radius difference from the target shape to compensate for the expected shape error due to springback. In this case, the punch holding time is fixed to the obtained optimal value of the first objective for the given target curvature radius and blank thickness.
Result and Discussion
Conclusions
The induced springback in MDF process is investigated using ABAQUS commercial software, and the study tried to reduce the springback by finding the optimal punch holding time. The study also compensates for the induced springback by finding the optimal curvature radius, using the developed surrogate model for different blank thickness. The prediction model was chosen after investigating different types of the prediction model using the model verification of R 2 and RMSE. The study chose RBF with a multi-quadratic base function to develop the model as a function of punch holding time, curvature radius, and blank thickness. Finally, the study found the optimal curvature radius, and the punch holding time for the target curvature and blank thickness with the 
The induced springback in MDF process is investigated using ABAQUS commercial software, and the study tried to reduce the springback by finding the optimal punch holding time. The study also compensates for the induced springback by finding the optimal curvature radius, using the developed surrogate model for different blank thickness. The prediction model was chosen after investigating different types of the prediction model using the model verification of R 2 and RMSE. The study chose RBF with a multi-quadratic base function to develop the model as a function of punch holding time, curvature radius, and blank thickness. Finally, the study found the optimal curvature radius, and the punch holding time for the target curvature and blank thickness with the RMSE of 0.0245 by employing the GA on MATLAB. 
